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Abstract

Federated low-rank adaptation (LoRA) enables
multiple clients to collaboratively fine-tune
large language models (LLMs) without dis-
closing their raw data. However, existing
works often experience performance degrada-
tion due to biased model aggregation and are
hindered by significant communication and
computation burden, both limiting training effi-
ciency. In this paper, we propose iFLoRA, an
improved Federated LoRA fine-tuning system
for LLMs featuring pipelined error-mitigated
model aggregation and adaptive matrix-wise
parameter freezing. Specifically, iFLoRA miti-
gates aggregation error by first reconstructing
local update matrices from clients’ low-rank
matrices. These are then aggregated into a
global update, which is decomposed via sin-
gular value decomposition (SVD) to form low-
rank matrices for the next round. To mitigate
the overhead from SVD, iFLoRA employs a
pipeline to overlap global aggregation, local
computation, and communication. Addition-
ally, iFLoRA implements an adaptive matrix-
wise freezing scheme that assesses their sta-
bility and selectively freezes them for adap-
tively adjusted periods, alleviating client train-
ing overheads without compromising model
performance. Extensive experiments on real-
world datasets show that iFLoRA can improve
time-to-target by 2.17-8.48× than state-of-the-
art methods. Our code is available at: https:
//github.com/whr819987540/iflora.

1 Introduction

Large language models (LLMs) have revolution-
ized a wide range of NLP tasks, including question
answering and chatbots. Fine-tuning LLMs on
task-specific datasets can further enhance their ap-
plicability (Deb et al., 2025). However, traditional
full-parameter fine-tuning for LLMs demands pro-
hibitive computational and storage resources. As a
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prominent parameter-efficient fine-tuning (PEFT)
technique, low-rank adaptation (LoRA) (Hu et al.,
2022) can significantly reduce the number of train-
able parameters by representing model updates as
the product of two low-rank matrices.

Though efficient, task-specific data, like per-
sonal images or medical records, for LoRA
fine-tuning is often dispersed across edge de-
vices (clients), posing privacy concerns when col-
lected (Du et al., 2023). To mitigate these risks, fed-
erated learning (McMahan et al., 2017) has been
integrated with LoRA, enabling multiple clients
to collaboratively fine-tune a shared LLM without
centralizing their private data (Zhang et al., 2023b).

Existing federated LoRA implementations (Qiu
et al., 2025; Gao et al., 2025; Sun et al., 2024;
Zhang et al., 2023b) follow the standard Fe-
dAvg (McMahan et al., 2017) protocol by aggregat-
ing clients’ local low-rank matrices independently.
However, such aggregation can introduce a critical
error: the product of the averaged low-rank matri-
ces indeed deviates from the average of their indi-
vidual products. This error is further exacerbated
as the number of participants and local iterations
increases and as clients’ data heterogeneity intensi-
fies, ultimately degrading model performance.

Training efficiency also poses a challenge in fed-
erated LoRA, given edge clients’ limited capabil-
ities, large model sizes and periodic exchange of
LoRA modules. Empirical evidence suggests that
certain modules within LLMs may stabilize before
model convergence (Liu et al., 2021), facilitating
to selectively freeze stabilized modules for expedit-
ing training without impacting model performance.
However, existing parameter freezing approaches,
from fine-grained scalar-level methods (Chen et al.,
2021) to coarse-grained layer-wise schemes (Liu
et al., 2021; Wang et al., 2023), are either compu-
tationally prohibitive for LLMs or risk excessive
freezing and performance degradation.

In this work, we propose iFLoRA, an improved
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Federated LoRA fine-tuning system designed to
enhance both model performance and training ef-
ficiency. iFLoRA achieves error-mitigated aggre-
gation by first multiplying clients’ respective low-
rank matrices to reconstruct local update matri-
ces, which are then aggregated and decomposed
using singular value decomposition (SVD) to gen-
erate global trainable low-rank matrices for the next
round. Meanwhile, LoRA rank for each update ma-
trix is dynamically determined by exploiting the
importance of singular values. This approach ef-
fectively mitigates aggregation error and ensures
robust model convergence while improving training
efficiency. Given the inefficiency of sequential exe-
cution and additional overhead from SVD, iFLoRA
pipelines aggregation on the parameter server (PS)
with clients’ backward pass and parameter upload.
Recognizing that different weight matrices may
converge at different rates and some may only
stabilize temporarily, iFLoRA implements adap-
tive matrix-wise freezing that identifies stabilized
weight matrices and freezes them for adaptively
adjusted periods. As a result, iFLoRA significantly
reduces the communication and computational de-
mands while preserving model accuracy.

We summarize our contributions as follows:
• We highlight the aggregation error and training

inefficiency inherent in existing federated LoRA
systems, and hence propose iFLoRA to overcome
these challenges with both accurate model aggre-
gation and enhanced training efficiency.

• To mitigate the aggregation error, iFLoRA recon-
structs each client’s local updates via low-rank
matrix multiplication and proposes a SVD-based
aggregation that is pipelined with clients’ local
computation and communication.

• iFLoRA develops adaptive matrix-wise freez-
ing that identifies stabilized weight matrices and
freezes them for adaptively tuned periods, reduc-
ing the communication and computational over-
head without compromising model performance.

• Extensive experiments demonstrate that iFLoRA
achieves 2.17-8.48× improvement in time-to-
target compared to state-of-the-art approaches.

2 Preliminaries and Motivation

2.1 Federated LoRA

As a popular PEFT method, LoRA (Hu et al., 2022)
freezes the pre-trained model W0 ∈ Rm×n and
adapts it with the update matrix ∆W ∈ Rm×n,
defined by ∆W = BA. Here, B ∈ Rm×r and

A ∈ Rr×n are trainable low-rank matrices with
rank r ≪ min{m,n}, leading to dramatic reduc-
tion in the number of trainable parameters. Re-
garding federated LoRA, there is a central PS and
N clients N = {1, · · · , N}. Each client i holds
a local model parameterized by weight matrices
Wi = {Wi,j,k}, where j and k are indices for
the Transformer layer and weight matrix type (i.e.,
query, key, value, or output), respectively.

Common federated LoRA implementations (Qiu
et al., 2025; Gao et al., 2025; Sun et al., 2024;
Zhang et al., 2023b) typically treat low-rank ma-
trices B,A as independent parameters and em-
ploy FedAvg to aggregate them separately. In
each round t, PS randomly selects a subset of
clients P t ⊂ N . Upon receiving the up-
dated low-rank matrices {Bt+1

i , At+1
i }i∈P t , PS

performs FedAvg (McMahan et al., 2017) to
build the new global trainable parameters ω̄t+1 =
[B̂t+1, Ât+1]. This process repeats until model con-
vergence, where only lightweight trainable parame-
ters {Bt+1

i , At+1
i }i∈P t , instead of full parameters

{W t+1
i }i∈P t , are exchanged.

However, this method is biased and incurs a crit-
ical aggregation error, primarily due to the incon-
gruence between the joint optimization of local low-
rank matrices Bt+1

i,j,k, A
t+1
i,j,k performed by clients

and their separate aggregation by PS. That is,

W̄ t+1
j,k =

∑
i∈P t

pi(W
0
j,k +∆W t+1

i,j,k) = W 0
j,k +

∑
i∈P t

piB
t+1
i,j,kA

t+1
i,j,k︸ ︷︷ ︸

Mathematically correct aggregation

̸= W 0
j,k + B̂t+1

j,k Ât+1
j,k = W 0

j,k +
∑
i∈P t

piB
t+1
i,j,k

∑
i∈P t

piA
t+1
i,j,k︸ ︷︷ ︸

Naive aggregation under federated LoRA

,

(1)
where P t ⊂ N is the selected clients in round
t, pi is the aggregation weight of client i with∑

i∈P t pi = 1, W̄ t+1
j,k is the aggregated weight

matrix that PS holds for weight matrix k at layer
j for the t-th round, and B̂t+1

j,k ,Ât+1
j,k denote the

aggregated low-rank matrices via FedAvg.
Aggregation error remains a critical chal-

lenge (Sun et al., 2024; Singhal et al., 2025). FFA-
LoRA (Sun et al., 2024) freezes low-rank matrix
A and updates only B. While efficient, it often
degrades model performance, as noted by FedEx-
LoRA (Singhal et al., 2025), which instead appends
a residual error matrix to the pre-trained weights
for more accurate model aggregation. Despite com-
parable model performance to centralized LoRA,
FedEx-LoRA incurs either heavy communication
overhead of directly transmitting residual error
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Figure 1: Convergence
rates across layers.
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Figure 2: Computation time
and model performance.

matrix or additional decomposition costs. Con-
sequently, co-designing federated aggregation with
training pipeline is essential to mitigate aggregation
error while enhancing fine-tuning efficiency.

2.2 Parameter Freezing

Communication is a primary bottleneck for feder-
ated LoRA systems, due to clients’ limited com-
munication capabilities, large model sizes and peri-
odic exchanges of LoRA updates. Recent studies
indicate that certain Transformer layers tend to sta-
bilize prior to full model convergence (Liu et al.,
2021; Wang et al., 2023), suggesting the potential
to reduce communication volume via parameter
freezing. To elaborate, we fine-tune Llama-3.2-3B
with SQuAD2.0 (Rajpurkar et al., 2018). Figure 1
reports the layers’ SVCCA scores (Raghu et al.,
2017) (with scores approaching 1 indicating conver-
gence) and F1 score over training iterations, where
layers with initial scores close to 1 are omitted. We
observe variations in convergence rates across lay-
ers, with layers near inputs stabilizing earlier than
those near outputs.

Despite this, the impact of parameter freezing on
computational overhead remains unexplored. From
Figure 2, computation time scales almost linearly
with the number of unfrozen layers counted from
the last layer, primarily due to the increased back-
ward time. Besides, appropriate freezing does not
significantly compromise model performance. For
example, freezing the first 12 layers only decreases
the F1 score from 92.89% to 91.16%, suggesting
that selectively freezing stabilized modules can re-
duce parameter volume and improve system effi-
ciency with minimal performance degradation.

However, existing works often focus on halting
updates either at the fine-grained scalar level (Chen
et al., 2021), which is computationally prohibitive
for LLMs, or at the coarse-grained layer level (Liu
et al., 2021; Wang et al., 2023), leading to exces-
sive freezing and degraded model performance. To
balance training efficiency and model performance,
a more precise freezing granularity is essential.
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Figure 3: An overview of iFLoRA architecture.

3 iFLoRA Design

3.1 System Overview
Figure 3 depicts the main architecture of iFLoRA,
with details illustrated in Algorithm 1. PS first ini-
tializes low-rank matrices ω̄0, last freezing rounds
FR and freezing periods FP (line 1), and then
proceeds with the following steps:

1⃝ Client selection and model distribution. At the
beginning of round t, PS randomly selects a subset
of clients P t, and broadcasts the global trainable
parameters ω̄t to them (lines 3-4).

2⃝ Local LoRA fine-tuning. By setting ωt,0
i = ω̄t,

each selected client i ∈ P t executes E steps of
SGD on its local dataset with learning rate η, i.e.,
ωt,e+1
i = ωt,e

i − η∇fi(ω
t,e
i ), e = 0, 1, · · · , E −

1. It then uploads the updated low-rank matri-
ces ωt+1

i,j,k = ωt,E
i,j,k = [Bt+1

i,j,k, A
t+1
i,j,k] to PS asyn-

chronously, without waiting for the entire model to
be updated (lines 23-30).

3⃝ Pipelined error-mitigated aggregation with
rank determination. Upon receiving the updates
from selected clients, {ωt+1

i,j,k}i∈P t , PS aggregates
them to build the new global trainable parameters
ω̄t+1
j,k . Specifically, it first reconstructs each local

update matrix ∆W t+1
i,j,k = Bt+1

i,j,kA
t+1
i,j,k (3.1), and

aggregates them into ∆W̄ t+1
j,k (3.2), which is then

decomposed into U, S, V T via SVD (3.3). Sub-
sequently, it determines a new LoRA rank c for
∆W̄ t+1

j,k and truncates the SVD result U, S, V T

(3.4). Finally, trainable matrices B̄t+1
j,k = UcSc

and Āt+1
j,k = V T

c are produced for the next round
(3.5). Notably, pipelined aggregation proceeds at
the matrix level, where PS’s SVD-based aggrega-
tion (lines 5-9) overlaps with clients’ backward
pass and parameter upload processes (lines 28-30).

4⃝ Adaptive matrix-wise freezing. At last, PS
evaluates the update stability of each weight matrix,
and then freezes the stabilized ones for adaptively
adjusted periods (lines 10-22).



Algorithm 1: iFLoRA
Input: ClientsN , round number T , layer number L,

weight matrix types K, freezing threshold δ
Output: Federated LoRA fine-tuned parameters ω̄T

// PS
1 Initialize ω̄0 = [B̄0, Ā0], FR, FP
2 for each round t ∈ {0, · · · , T − 1} do
3 Select participating clients P t fromN
4 Dispatch ω̄t = [B̄t, Āt] to all clients in P t

5 for layer j ∈ {L− 1, · · · , 0} in parallel do
6 for weight matrix type k ∈ K in parallel do
7 Receive ωt+1

i,j,k from client i ∈ P t

8 Bt+1
j,k ← {B

t+1
i,j,k}i∈P t , At+1

j,k ←
{At+1

i,j,k}i∈P t

9 ∆W̄ t+1
j,k , B̄t+1

j,k , Āt+1
j,k ← Run

aggregation by Algorithm 2

10 for each weight matrix type k at each layer j do
11 if matrix type k at layer j is frozen then
12 if t− FRj,k ≥ FPj,k then
13 B̄t+1 ← B̄t+1 ∪ B̄

FRj,k

j,k

14 Āt+1 ← Āt+1 ∪ Ā
FRj,k

j,k

15 else
16 Compute update score Ht+1

j,k by Eq. (4)
17 if Ht+1

j,k < δ then
18 FRj,k ← t;FP j,k ← FP j,k + 1

19 B̄t+1 ← B̄t+1 \ B̄t+1
j,k

20 Āt+1 ← Āt+1 \ Āt+1
j,k

21 else
22 FP j,k ← max(1, FP j,k/2)

// Client i ∈ N
23 for each round t ∈ {0, · · · , T − 1} do
24 if i /∈ P t then
25 continue

26 Receive ω̄t = [B̄t, Āt] from PS
27 Perform E − 1 local updates
28 for layer j ∈ {L− 1, · · · , 0} in parallel do
29 for weight matrix type k ∈ K in parallel do
30 Perform E-th local update and upload

ωt+1
i,j,k to PS

3.2 Pipelined Error-Mitigated Aggregation

Existing federated LoRA systems (Qiu et al., 2025;
Gao et al., 2025; Sun et al., 2024; Zhang et al.,
2023b) often directly apply FedAvg to low-rank
matrices, leading to notable aggregation errors, as
derived in Eq. (1). To address this, we implement
SVD-based error-mitigated aggregation, which is
further pipelined with clients’ local communication
and computation processes, thereby enhancing both
model performance and training efficiency.

3.2.1 Aggregation Error Mitigation

To accurately aggregate clients’ local updates, PS
multiplies clients’ low-rank matrices to reconstruct

their local update matrices, which are then aggre-
gated and decomposed using SVD to yield global
low-rank matrices for the next round. Throughout
this process, clients only upload low-rank matri-
ces to PS, while compute-intensive tasks are exclu-
sively performed on the PS.
Decompose the aggregated update matrix. Upon
receiving the updates from the selected clients,
{[Bt+1

i,j,k, A
t+1
i,j,k]}i∈P t , PS first computes each

client’s local update matrix ∆W t+1
i,j,k = Bt+1

i,j,kA
t+1
i,j,k,

and then aggregates them into the global update ma-
trix ∆W̄ t+1

j,k following the FedAvg protocol. The
next step is to derive the global trainable parame-
ters B̄t+1

j,k , Āt+1
j,k from ∆W̄ t+1

j,k . A straightforward
approach is to factorize ∆W̄ t+1

j,k ∈ Rm×n into the
product of three matrices using SVD. That is,

SV D(∆W̄ t+1
j,k ) : ∆W̄ t+1

j,k = USV T . (2)

Here, U ∈ Rm×m and V ∈ Rn×n are orthogo-
nal matrices, and S ∈ Rm×n is a diagonal matrix
with non-zero singular values diag(σ1, · · · , σr) in
descending order, where r is the rank of global
update matrix ∆W̄ t+1

j,k . Then, B̄t+1
j,k and Āt+1

j,k can
be set to USα ∈ Rm×n and S1−αV T ∈ Rn×n for
α ∈ {0, 0.5, 1}. Our empirical results show that
α = 1 yields the superior training performance.

However, this naive setting for B̄t+1
j,k and Āt+1

j,k

yields excessive zero singular values as r ≪
min{m,n}, which unnecessarily enlarges B̄t+1

j,k

and Āt+1
j,k , and increases the communication and

computational overhead. To improve training effi-
ciency, we truncate U , S, and V by selecting the
first c columns of U and V , corresponding to the
first c singular values in S (Hansen, 1987):

SV D(∆W̄ t+1
j,k , c) : ∆W̄ t+1

j,k ≈ UcScV
T
c . (3)

As a result, we obtain global trainable parameters
B̄t+1

j,k = UcSc ∈ Rm×c and Āt+1
j,k = V T

c ∈ Rc×n

for the next round. Although approximation errors
are inherent in Eq. (2) and Eq. (3), experiments in
§4.2 show that their magnitude is negligible, while
they can effectively mitigate aggregation error.
Importance-aware rank determination. We next
identify a suitable c for Eq. (3) to preserve model
performance while enhancing training efficiency.
As larger singular values essentially represent more
significant model update directions, we design an
importance-aware rank determination strategy that
prioritizes the largest singular values and discards
less critical ones. Specifically, we determine the
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Figure 4: Pipelined aggregation of iFLoRA.

smallest c such that the squared sum of selected
singular values reaches a predefined threshold θ
of the total squared sum (Jolliffe, 2002). This not
only offers explicit interpretability through direct
control of preserved variance (Jolliffe, 2002) rather
than directly thresholding singular values, but also
improves empirical stability by discarding minor
singular values (components associated with noise),
ensuring an optimal rank-c approximation under
Eckart-Young theorem (Eckart and Young, 1936).

Algorithmic details of error-mitigated aggrega-
tion are provided in Appendix B.
Remark. To address clients’ heterogeneity in com-
munication and computation, iFLoRA can be ex-
tended to heterogeneous LoRA. This extension em-
ploys a client-specific rank determination threshold
θi to derive a unique LoRA rank for each client,
while keeping model aggregation unchanged. No-
tably, the entire error-mitigated aggregation pro-
cess, including compute-intensive SVD and its
adaptation to heterogeneous LoRA, is performed
by PS and remains client-agnostic.

3.2.2 Pipelined Aggregation Implenentation

The error-mitigated aggregation, based on compute-
intensive SVD, can decrease training efficiency.
This issue is further exacerbated by sequential ex-
ecution of local training, parameter upload and
global aggregation, common in existing federated
LoRA systems (Qiu et al., 2025; Gao et al., 2025;
Sun et al., 2024; Zhang et al., 2023b). Actually,
SVD is performed on each aggregated update ma-
trix, which inherently supports the pipelining of
clients’ local training, parameter upload and PS’s
global aggregation, as each weight matrix can be
processed independently throughout these stages.

As shown in Figure 4, we present the pipelined
aggregation. During the final local update, each
selected client i ∈ P t first completes forward pass.
After performing backward pass for matrix k at
layer j, it immediately uploads the updated LoRA
modules, ωt+1

i,j,k = [Bt+1
i,j,k, A

t+1
i.j,k], to PS. Subse-

quently, the PS aggregates clients’ LoRA modules
{ωt+1

i,j,k}i∈P t into ∆W̄ t+1
j,k , and then decomposes it

via SVD. For each aggregated update matrix, SVD-
based aggregation on the PS can be effectively over-
lapped with clients’ backward pass and parameter
upload, thus improving training efficiency. More
analysis is provided in Appendix C.
Remark. We emphasize that the core motivation
of this pipelined design is to hide the SVD compu-
tation overhead rather than solely reducing commu-
nication costs. Although the relative time savings
of pipelining may diminish as the number of local
training steps, E, increases, practical settings of
federated LoRA systems typically require a small
E (e.g., 5 or 10) to guarantee convergence. In
such standard settings, both our theoretical anal-
ysis (Appendix C) and empirical ablation study
(Section 4.5) demonstrate that the pipelined SVD
is highly effective, achieving up to 10.52% and
8.98% per-round time reductions, respectively.

3.3 Adaptive Matrix-Wise Freezing
LoRA modules often exhibit varying convergence
rates, shown in Figure 1. We develop an adaptive
matrix-wise freezing to further improve training
efficiency while preserving model performance.
Evaluate matrix update stability. Prior works
have explored parameter freezing either at the fine-
grained scalar level (Chen et al., 2021), which is
computationally prohibitive for large-scale LLMs,
or at the coarse-grained layer level (Liu et al., 2021;
Wang et al., 2023), potentially leading to excessive
freezing and degraded model performance. In con-
trast, we propose freezing at the matrix level, a
feasible granularity that effectively balances train-
ing efficiency and model performance. Initially, we
assess the update stability of each weight matrix
W t

j,k by defining an update score:

Ht
j,k =

1

Q

Q∑
q=1

∥∥∥∆W̄ t−q+1
j,k −∆W̄ t−q

j,k

η

∥∥∥. (4)

Here, the update differences between consecutive
training rounds are averaged over Q rounds (i.e.,
smoothing window size) to mitigate the impact of
outliers, ensuring a reliable check of update stabil-
ity. A matrix with a low update score is deemed
stable. Figure 5 shows the update scores across lay-
ers and matrix types when fine-tuning BERT-large
and Llama-3.2-3B on the 20NEWS (Lang, 1995)
and SQuAD2.0 (Rajpurkar et al., 2018) datasets,
respectively. These variations among matrices of
the same type and within the same layer underline
the validity of matrix-wise parameter freezing.
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Figure 5: Update scores across layers and matrix types.

Which matrices to freeze. While freezing spec-
ified matrices can shorten training time, it is in-
flexible and may degrade model performance, as
shown in Figure 2. Therefore, iFLoRA adaptively
decides which matrices to freeze at runtime. Recog-
nizing that stabilized matrices contribute minimally
to model performance but increase communication
and computational overhead, iFLoRA freezes a ma-
trix at the end of each round if its update score falls
below the freezing threshold δ.
When to unfreeze. Matrix freezing is com-
plicated by temporary stabilization of matrices,
which continue to evolve after temporarily reaching
steady (Chen et al., 2021). Therefore, permanent
freezing can degrade model performance (Figure 2).
To avoid this, iFLoRA assigns each matrix Wj,k

a freezing period FPj,k. Matrix Wj,k will be un-
frozen after FPj,k rounds of freezing. To adjust the
freezing periods, iFLoRA employs a mechanism
akin to TCP’s congestion control, where FPj,k is
additively extended if Wj,k remains stable, and mul-
tiplicatively reduced otherwise.

The whole adaptive matrix-wise freezing pro-
cess is integrated into Algorithm 1. If a matrix’s
freezing duration surpasses the designated freezing
period FPj,k, its updates are resumed in the next
round (lines 11-14). For an unfrozen matrix, its
updates cease and the freezing period is additively
extended if the update score is below the thresh-
old δ (lines 16-20). Conversely, the matrices with
update scores above the threshold are actively fine-
tuned in the subsequent round, with their freezing
periods being multiplicatively reduced (line 22).
Remark. Adaptive matrix-wise freezing is man-
aged by the PS. It remains agnostic to the
clients, and imposes no additional complex-
ity on them compared to conventional feder-
ated LoRA systems. It only requires PS to
store aggregated update matrices from previ-
ous rounds and compute the update score in
Eq. (4). To make the freezing mechanism memory-
efficient, PS actually stores light-weight low-

Task Dataset # Clients # Train # Test Metric Non-IID
TC 20NEWS 100 11.3k 7.5k Accuracy β = 0.1
TC AGNEWS 1000 120.0k 7.6k Accuracy β = 0.5
QA SQuAD2.0 100 130.3k 11.9k F1 score ×
TS SAMSum 100 14.7k 819 ROUGE-L ×

Table 1: Statistics of datasets. TC: text classification;
QA: question answering; TS: text summarization.

rank matrices {[Bt−q
i,j,k, A

t−q
i,j,k]}i∈P t−q ,∀q∈{1,··· ,Q},

and recomputes the aggregated update matrices
{∆W̄ t−q

j,k }∀q∈{1,··· ,Q} instead of directly storing
them. With this approach, PS’s memory consump-
tion decreases from 75GB to 1.03GB, with a slight
time increase from 11.23ms to 68.01ms when fine-
tuning Llama-3.2-3B.

4 Experiments

4.1 Experimental Setup

Datasets and models. We evaluate iFLoRA on
three popular LLMs and four real-world datasets.
We employ Dirichlet distribution (Peng et al., 2024)
D ∼ Dir(β) to construct clients’ non-IID local
datasets. Table 1 presents the statistics of datasets,
across the following three types of applications:
• Text classification: We fine-tune BERT-large (De-

vlin et al., 2019) and RoBERTa-large (Liu
et al., 2019) on 20NEWS (Lang, 1995) and AG-
NEWS (Zhang et al., 2015), and report the classi-
fication accuracy. The maximum sequence length
is set to 256 and 64, respectively.

• Question answering: We fine-tune Llama-3.2-3B
on SQuAD2.0 (Rajpurkar et al., 2018). Given
that exact match and F1 scores are highly corre-
lated, we only present the F1 score.

• Text summarization: We fine-tune Llama-3.2-3B
on the SAMSum corpus (Gliwa et al., 2019), us-
ing ROUGE-L score to measure performance.

Baselines. We compare with following baselines:
• FedPETuning (Zhang et al., 2023b), as a popular

federated LoRA framework, incorporates LoRA
with the FedAvg training architecture.

• FFA-LoRA (Sun et al., 2024) freezes low-rank
matrix A and updates only B. For a fair compari-
son, we implement it without differential privacy.

• FedEx-LoRA (Singhal et al., 2025) appends a
residual error matrix to the pre-trained weight to
achieve exact updates, and reduces communica-
tion cost with Gram-Schmidt orthogonalization.

Metrics. Following convention (Lai et al., 2021),
we primarily report time-to-target, the wall-clock
time required to reach a target metric (e.g., test
accuracy, F1, or ROUGE-L score). For each exper-



Task Dataset Target Model
FedPETuning FFA-LoRA FedEX-LoRA iFLoRA

T2T Speedup T2T Speedup T2T Speedup T2T Speedup

Text Classification
20NEWS 80.0%

BERT-large 48.46h 1.00× 98.51h 0.49× 210.95h 0.23× 20.42h 2.37×

RoBERTa-large 89.25h 1.00× 125.69h 0.71× 118.47h 0.75× 41.20h 2.17×

AGNEWS 90.0%
BERT-large 4.47h 1.00× 16.11h 0.28× 39.77h 0.11× 0.96h 4.64×

RoBERTa-large 12.35h 1.00× 3.28h 3.77× 26.55h 0.47× 1.46h 8.48×

Question Answering SQuAD2.0 91.0% Llama-3.2-3B 46.12h 1.00× 306.69h 0.15× 174.30h 0.26× 19.45h 2.37×

Text Summarization SAMSum 43.5% Llama-3.2-3B 42.47h 1.00× 136.10h 0.31× 66.12h 0.64× 19.31h 2.20×

Table 2: Time-to-target (T2T) of iFLoRA and the baselines, with speedup compared to FedPETuning.

0 1000 2000 3000
Training Rounds

0

20

40

60

80

A
cc

ur
ac

y 
(%

)

FedPETuning
Error-Mitigated Aggregation
w/o Rank Determination

Figure 6: Round-to-target performance when fine-
tuning BERT on 20NEWS.

iment, we present the average results of three runs.
Besides, we detail the resource consumption, en-
compassing the network traffic between clients and
PS, dynamic memory footprint on the client side,
and overhead on the PS side in terms of SVD-based
aggregation and adaptive matrix-wise freezing.

Implementation details, and hyper-parameter set-
tings are detailed in Appendix D.1.

4.2 Mitigation of Aggregation Error

Rank determination and matrix-wise parameter
freezing mechanisms in iFLoRA will alter model
architecture, making round-to-target comparisons
unfair for assessing our error-mitigated aggrega-
tion. Thus, prior to end-to-end evaluation, we fix
the LoRA rank and disable these mechanisms to
isolate the effect of error-mitigated aggregation.
From Figure 6, iFLoRA surpasses FedPETuning
in terms of round-to-target, demonstrating the effi-
cacy of our SVD-based aggregation in mitigating
aggregation error. While SVD in Eq. (2) inher-
ently yields approximation error, it is negligible,
averaging 10−10 in our experiments.

4.3 End-to-End Performance

iFLoRA improves training efficiency. Figure 7
presents the time-to-target for iFLoRA and the
baselines. While FFA-LoRA outperforms Fed-
PETuning for RoBERTa-large on AGNEWS, it
shows performance degradation for other models
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(b) 20NEWS (RoBERTa).
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(c) AGNEWS (BERT).
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(d) AGNEWS (RoBERTa).
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Figure 7: Time-to-target performance of iFLoRA and
the baselines on different datasets and LLMs.

and datasets. Even though the rank of residual
error matrix is upper-bounded by |P t|r in FedEx-
LoRA, its training efficiency is still hampered by
the additional communication overhead of up to
(m+n)|P t|r. In contrast, iFLoRA consistently en-
hances training efficiency, suggesting its robustness
across various models and datasets.

iFLoRA speeds up time-to-target. Table 2
summarizes the time-to-target and correspond-
ing speedups of iFLoRA and the baselines. On
20NEWS, iFLoRA is 2.37× and 2.17× faster than
FedPETuning for BERT-large and RoBERTa-large,
respectively. Similar speedups are witnessed on
AGNEWS, where iFLoRA achieves 4.64× and
8.48× speedups. For the larger Llama-3.2-3B
model, iFLoRA accelerates training by 2.37× on
SQuAD2.0 and 2.20× on SAMSum.
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Figure 8: Sensitivity analysis when fine-tuning BERT-large on 20NEWS.

4.4 Sensitivity Analysis

We conduct a sensitivity analysis for iFLoRA
against FedPETuning by fine-tuning BERT-large
on the 20NEWS dataset.
Impact of data heterogeneity. Non-IID data
across clients can lead to inconsistent model up-
date directions, resulting in unstable and slow con-
vergence (Shang et al., 2022; Tang et al., 2022).
Typically, a smaller value of β indicates more het-
erogeneous local data. Figure 8a illustrates that
iFLoRA consistently outperforms FedPETuning
across various β. Notably, different from Fed-
PETuning, iFLoRA performs better under more
heterogeneous settings, specifically at β = 0.1 and
β = 1.0, in contrast to β = 10. This can be at-
tributed to our error-mitigated model aggregation.
Impact of rank determination threshold. A
smaller rank determination threshold θ means
fewer selected singular values and a lower LoRA
rank. From Figure 8b, iFLoRA exhibits strong ro-
bustness to the changes in θ, as varying its value
yield similar time-to-target results. This supports
the use of a uniform, fixed ratio θ rather than di-
rectly thresholding singular values.
Impact of freezing threshold. A higher freezing
threshold δ results in more weight matrices being
frozen. From Figure 8c, iFLoRA is robust to δ,
with comparable model performance given differ-
ent values of δ. This stems from our adaptively
adjusted freezing periods that can help preserve
model performance.
Impact of smoothing window size. We advocate
maximizing smoothing window size Q within PS’s
memory budget, as smaller windows amplify sen-
sitivity to outliers from non-IID data. Figure 8d
shows that iFLoRA achieves similar time-to-target
speedups across varying Q. As expected, smaller
Q exhibit more unstable convergence.

4.5 Ablation Study

To evaluate the effectiveness of each key compo-
nent in iFLoRA, we conduct an ablation study us-

SVD Pipeline Freezing Time-to-target Speedup
✗ ✗ ✗ 48.46h 1.00×
✓ ✗ ✗ 22.18h 2.18×
✓ ✓ ✗ 21.28h 2.28×
✗ ✗ ✓ 22.81h 2.12×
✓ ✗ ✓ 21.05h 2.30×
✓ ✓ ✓ 20.42h 2.37×

Table 3: Ablation study using BERT-large on 20NEWS.

20NEWS
BERT

AGNEWS
BERT

20NEWS
RoBERTa

AGNEWS
RoBERTa

SQuAD2.0
Llama

SAMSum
Llama

0
100
200
300
400
500
600
700

N
et

w
or

k 
Tr

af
fic

 (G
B

)

119
17

219

41
94 82

186

49

237

9.6

365

156

698

140

393

95

515

296

4.5 1.1 23 0.8 24 9.6

FedPETuning
FFA-LoRA
FedEX-LoRA
iFLoRA

Figure 9: Network traffic.

ing BERT-large on 20NEWS, as shown in Table 3.
Compared with the naive approach, SVD-based
error-mitigated aggregation with tightly-coupled
importance-aware rank determination achieves a
2.18× speedup. Further, the pipelined aggrega-
tion expedites model training by 4.07%, effectively
mitigating additional overhead from SVD and im-
proving training efficiency. Ultimately, applying
freezing alone yields a 2.12× speedup. When freez-
ing is incorporated on top of SVD-based aggrega-
tion and pipelining, training efficiency is further
improved by 4.04%, with overall speedup from
2.28× to 2.37×. This modest improvement occurs
because our importance-aware rank determination
already significantly reduces LoRA rank, which in
turn diminishes the acceleration gains from param-
eter freezing.

4.6 Resource Cost

Network traffic. Figure 9 reports the network
traffic, defined as the total upload and down-
load data volume at the PS. It arises primarily
from the low-rank matrices A and B transmit-
ted during the distribution and aggregation pro-
cess. Compared to FedPETuning, FFA-LoRA,
and FedEx-LoRA, iFLoRA reduces the traffic by
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Figure 10: Memory footprint.

74.47–97.96%, 90.19–97.81%, and 94.09–99.36%,
respectively. This is achieved through two mecha-
nisms: matrix-wise freezing, which halts the trans-
mission of stabilized matrices for adaptive dura-
tions, and rank determination, which dynamically
prunes less critical singular values to minimize ma-
trix dimensions. Ultimately, iFLoRA significantly
accelerates model convergence and lowers commu-
nication costs without compromising performance.
Memory footprint. Figure 10 shows dynamic
memory footprints when fine-tuning BERT-large
on 20NEWS and Llama-3.2-3B on SAMSum.
Since FedEx-LoRA’s footprint is identical to Fed-
PETuning’s, we report only the latter. As the
sequence length varies among selected clients in
each round, we report their maximum memory us-
age. When fine-tuning BERT-large on 20NEWS,
the memory footprints of FedPETuning and FFA-
LoRA remain stable as the sequence length is uni-
formly set to 256, while it exhibits significant fluc-
tuations using Llama-3.2-3B that has a maximum
context length of 128k. Overall, iFLoRA maintains
a lower memory footprint (9.42%–25.47%) com-
pared to FedPETuning and FFA-LoRA, thereby
reducing the storage demands on the client side.
Notably, the reduction in memory usage, achieved
by iFLoRA’s importance-aware rank determination
and adaptive matrix-wise freezing, is not as signifi-
cant as the reduction in network traffic. This is be-
cause memory usage of LoRA modules is substan-
tially lower than that of the original model weights
and activation values (Gao et al., 2025).
Time consumption of SVD. iFLoRA utilizes SVD
to achieve error-mitigated federated aggregation.
We evaluate its time consumption by running it on
six NVIDIA RTX 4090 GPUs when fine-tuning
Llama-3.2-3B, whose size is comparable to LLMs
commonly deployed on mainstream mobile de-
vices (Mehta et al., 2024; Team et al., 2024; Abdin
et al., 2024). Though compute-intensive, SVD av-
erages only 68.04ms per aggregated matrix. It can
not only be effectively overlapped with clients’ lo-

cal backward pass and parameter upload processes
through our pipelined aggregation, but also bene-
fits iFLoRA by reducing clients’ communication
and computational overhead via importance-aware
LoRA rank determination.
Memory and time consumption of freezing. In
practice, PS stores light-weight low-rank matri-
ces for freezing, instead of the aggregated update
matrix in Eq. (4). With this optimization, PS’s
memory consumption decreases from 75GB to
1.03GB, with a slight time increase from 11.23ms
to 68.01ms when fine-tuning Llama-3.2-3B.

5 Conclusion

In this paper, we present iFLoRA, an improved fed-
erated LoRA fine-tuning framework that enhances
both model performance and training efficiency.
iFLoRA refines the aggregation process through
SVD-based federated aggregation coupled with
importance-aware LoRA rank determination. By
pipelining PS’s aggregation with clients’ backward
pass and parameter upload, iFLoRA eliminates ad-
ditional overhead from SVD and accelerates overall
training. Moreover, iFLoRA implements an adap-
tive matrix-wise freezing scheme that selectively
freezes stabilized weight matrices for adaptively ad-
justed periods, substantially reducing clients’ com-
munication and computational overhead without
sacrificing model performance. Extensive experi-
ments corroborate the superiority of iFLoRA over
existing baselines in improving training efficiency
while preserving model accuracy.
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Limitations

Privacy remains a critical concern within federated
learning systems. While iFLoRA can be enhanced
with techniques such as differential privacy to safe-
guard clients’ privacy, its impact on model perfor-
mance and training efficiency is reserved for future
work. Besides, the aggregation process in iFLoRA
necessitates multiplication of low-rank matrices
and SVD, which is unsupported by present secure
aggregation methods.
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A Related Work

Centralized LoRA fine-tuning. LoRA has been
recognized as an effective PEFT techniques for
LLMs (Hu et al., 2022). AdaLoRA (Zhang et al.,
2023a) parameterizes model updates in the form
of SVD result and adjusts LoRA rank by quanti-
fying the sensitivity of parameters to the training
loss. MELoRA (Ren et al., 2024) develops mini-
ensemble low-rank adapters that achieve a higher
rank and better performance with fewer parameters
fine-tuned. AutoLoRA (Zhang et al., 2024) uses
meta learning to automatically determine the opti-
mal rank for each LoRA layer. However, these cen-
tralized LoRA fine-tuning methods are not directly
applicable in federated LoRA systems, primarily
due to performance degradation caused by client
heterogeneity.
Federated LoRA fine-tuning. With increasing pri-
vacy concerns, federated learning (McMahan et al.,
2017) has emerged as a promising solution that
enables clients to collaboratively fine-tune LLMs
without disclosing their raw data (Qiu et al., 2025).
FedPETuning (Zhang et al., 2023b) proposes a fed-
erated parameter-efficient fine-tuning framework
using FedAvg. HETLORA (Cho et al., 2024) de-
velops heterogeneous LoRA via zero-padding and
truncation. FAH-QLoRA (Gao et al., 2025) quan-
tizes the base model and assigns heterogeneous
LoRA ranks across clients. Though effective, these
approaches suffer from the aggregation error and
heavy communication overheads. As a concurrent
work to our study, FLoRA (Wang et al., 2024)
achieves noise-free federated aggregation in het-
erogeneous LoRA by stacking local LoRA mod-
ules, but it continues to face high communication
and computational overheads. FFA-LoRA (Sun
et al., 2024) freezes randomly-initialized low-rank
matrix A and only updates zero-initialized matrix
B. Although FFA-LoRA can eliminate the aggre-
gation error and improve training efficiency, it de-
grades model performance. FedEx-LoRA (Singhal
et al., 2025) appends a residual error matrix to pre-
trained weight matrix to mitigate the aggregation
error. Despite comparable model performance with
centralized LoRA, FedEx-LoRA introduces either
heavy communication overhead if directly transmit-
ting the full-size residual error matrix, or additional
decomposition overhead.
Parameter freezing. Parameter freezing is widely
used to reduce communication and computation
overheads (Sun et al., 2024). APF (Chen et al.,

Algorithm 2: Error-Mitigated Aggregation
Input: Selected clients P t, layer j, matrix type k,

low-rank matrices Bt+1
j,k , At+1

j,k , rank
determination threshold θ

Output: Aggregated update matrix ∆W̄ t+1
j,k and

global low-rank matrices B̄t+1
j,k , Āt+1

j,k

1 for each client i ∈ P t do
2 ∆W t+1

i,j,k ← Bt+1
i,j,kA

t+1
i,j,k

3 ∆W̄ t+1
j,k ←

∑
i∈P t pi∆W t+1

i,j,k

4 U, S, V T ← SV D(∆W̄ t+1
j,k )

5 ct+1
j,k ← 0;Scum ← 0;Stotal ←

∑
σ∈S σ2

6 for each singular value σ ∈ S do
7 Scum ← Scum + σ2

8 ct+1
j,k ← ct+1

j,k + 1

9 if Scum ≥ θ × Stotal then
10 break

11 B̄t+1
j,k ← U

ct+1
j,k

S
ct+1
j,k

; Āt+1
j,k ← V T

ct+1
j,k

12 return ∆W̄ t+1
j,k , B̄t+1

j,k , Āt+1
j,k

2021) identifies stable scalars and halts their up-
dates. AutoFreeze (Liu et al., 2021) freezes Trans-
former layers that are close to convergence. Ege-
ria (Wang et al., 2023) designs knowledge-guided
layer freezing for DNN training. However, these
methods focus on halting updates either at the fine-
grained scalar level, which is computationally pro-
hibitive for LLMs, or at the coarse-grained layer
level, which may lead to excessive freezing and
performance loss.

B Error-Mitigated Aggregation

Algorithm 2 illustrates the SVD-based error-
mitigated aggregation process performed on PS.
Here, we assume that client i holds a private dataset
Di containing Di = |Di| data samples, and pi is the
aggregation weight of client i with

∑
i∈N pi = 1,

often pi = Di∑
i∈N Di

. PS first reconstructs each
local update matrix (lines 1-2), computes the ag-
gregated update matrix ∆W̄ t+1

j,k (line 3) and then
decomposes it using Eq. (2) (line 4). After that, the
minimum number ct+1

j,k of singular values required
to reach the threshold θ (lines 5-10) is determined
as the LoRA rank for matrix truncation in Eq. (3).
Finally, PS produces the new global low-rank ma-
trices from the truncated SVD results (line 11).

C Pipelined Aggregation

We now theoretically analyze how pipelined ag-
gregation can reduce per-round training time. For
simplicity, we focus specifically on computations
within the self-attention layer. For any weight ma-
trix across L Transformer layers, let TF

i denote the



0 50 100 150 200
Network Bandwidth (Mbps)

0.00

0.25

0.50

0.75

1.00
C

D
F

2.83 Mbps

5.93 Mbps

13.56 Mbps

Figure 11: Clients’ network band-
width.

End Device
Orin NX 8G Orin NX 16G Agx Orin 32G

1 Gbps

Server
RTX 

Figure 12: Network topology of
physical devices.

0 10 20 30 40
Training Time (hours)

0

20

40

60

80

A
cc

ur
ac

y 
(%

)

data shift

FedPETuning iFLoRA

β=0.1
β=1.0
β=1.0→0.1

β=0.1
β=1.0
β=1.0→0.1

Figure 13: Data distribution shift.

average forward pass time for client i, while the
average times for the backward pass and parameter
upload are represented as TB

i and TC
i , respectively.

Accordingly, the average time for SVD-based ag-
gregation is denoted by TA. Then, the per-round
time for sequential execution of these processes
can be roughly expressed as:

max
i∈P t

{
|K|EL(TF

i +TB
i ) + |K|LTC

i

}
+ |K|LTA,

(5)
where E is the number of local updates and K is
the set of weight matrix types. Similarly, we can
derive the pipelined execution time, i.e.,

max
i∈P t

{
|K|EL(TF

i +TB
i ) +TC

i

}
+TA. (6)

By profiling each component, we estimate the
time reduction achieved from pipelined aggrega-
tion. In particular, we fine-tune Llama-3.2-3B on
SQuAD2.0 (Rajpurkar et al., 2018) with E = 5,
L = 28, K = {query, key, value, output}, and
mini-batch size as 2. Utilizing network bandwidth
sampled from real-world datasets (Lai et al., 2022;
M-Lab, 2022), the average times for clients’ for-
ward pass, backward pass and parameter upload
on NVIDIA Jetson AGX Orin (NVIDIA, 2025)
are 64.49ms, 119.83ms and 36.91ms, respectively.
The average SVD-based aggregation time on the
PS equipped with six NVIDIA RTX 4090 GPUs, is
72.55ms. From Eq. (5) and Eq. (6), pipelined train-
ing can reduce the per-round time from 115.48s to
103.33s, yielding a 10.52% reduction.
Remark. Hardware heterogeneity among clients
may raise potential concerns, as it directly affects
the time required for local backward pass and pa-
rameter upload. Consequently, the PS may receive
clients’ updated LoRA modules at staggered times,
thereby prolonging the aggregation and impeding
the pipeline efficiency. While pipelined training
can be adversely affected by extreme stragglers,
this issue, also present in sequential execution,
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Figure 14: Rank r across layers and matrices over train-
ing rounds under importance-aware rank determination.

can be effectively mitigated by redundant client
sampling (Lai et al., 2021), strategic client selec-
tion (Luo et al., 2022; Li et al., 2022) and heteroge-
neous LoRA ranks (Gao et al., 2025).

D Experiments

D.1 Experimental Setup
Implementation details. We conduct experiments
on a GPU server equipped with 256GB RAM
and six NVIDIA RTX 4090 GPUs, each with
24GB of VRAM, to emulate the clients. To en-
sure the authenticity of results, clients’ upload and
download bandwidths are sampled from a real-
world dataset (Lai et al., 2022), as shown in Fig-
ure 11. Meanwhile, computation time is profiled
by running on NVIDIA Jetson AGX Orin and Orin
NX (NVIDIA, 2025), which possess resources
comparable to mainstream mobile devices. Fig-
ure 12 shows the network topology of our hardware
devices. Consistent with previous studies (Wang
et al., 2024; Cho et al., 2024; Zhang et al., 2023b),
we apply LoRA to the self-attention layer in each
Transformer block, namely the query, key, value
and output projection matrices. We utilize Hug-
gingFace PEFT library (Mangrulkar et al., 2022)
to fine-tune LLMs with LoRA.
Hyper-parameters. In each round, PS randomly
selects 10 clients as participants. The mini-batch
size is set to 4 for text classification task and 2 for
other tasks, with local step E = 5 and learning rate
η = 0.01. The initial LoRA rank is 32. Besides, the



rank determination threshold θ and freezing thresh-
old δ are 0.9 and 0.1, respectively. On NVIDIA
RTX 4090 GPUs, we set the smoothing window
size Q to 20 by default.

D.2 Robustness against Data Distribution
Shift

We next explore the robustness of iFLoRA under
time-varying heterogeneous data distributions. To
simulate this, we adjust the concentration parame-
ter β from 1 to 0.1 when fine-tuning BERT-large on
20NEWS. As illustrated in Figure 13, the training
curve corresponding to the data distribution shift
closely resembles that of the static data distribution
case. This confirms that iFLoRA remains robust
when adapting to data distribution shift.

D.3 Robustness of SVD Threshold
Since the number of singular values c may differ
across layers and matrices due to their varying dis-
tributions, is a uniform, fixed threshold θ to all
LLM layers and matrices still efficient and robust?
Figure 14 reports the adjusted rank r over train-
ing rounds during the fine-tuning of Llama-3.2-3B
on SQuAD2.0 (Rajpurkar et al., 2018). We ob-
serve that our importance-aware rank determina-
tion exhibits excellent stability in r. This is be-
cause, though the distributions of singular values
may differ significantly across layers and matri-
ces, they are generally highly concentrated (Udell
and Townsend, 2019), with large singular values
dominating the total squared sum. Hence, it’s suffi-
cient to capture these large singular values with a
uniform, fixed ratio. Overall, the selection of the
most critical c singular values establishes an adap-
tive LoRA rank for the aggregated update matrix
∆W̄ t+1

j,k , effectively preserving model performance
while enhancing training efficiency.
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